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Abstract
An accurate magnetic model is essential for highperformance control of electric motors because
it characterizes magnetic flux as a nonlinear function of the stator current. However, both
acquiring and using magnetic flux maps can be time-consuming, making them unsuitable for
low-latency control applications. To address this limitation, we propose a compressedsensing-
based approach that reconstructs magnetic flux maps from a limited set of randomly sampled
data points. Experiments are conducted on a permanent-magnet machine to validate the
proposed method. Extensive simulation and experimental results demonstrate that, by ex-
ploiting the sparsity of flux maps, the proposed approach can accurately reconstruct the maps
using only 25% of the full experimental samples, thereby significantly reducing the acquisition
time.
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Abstract—An accurate magnetic model is essential for high-
performance control of electric motors because it characterizes
magnetic flux as a nonlinear function of the stator current.
However, both acquiring and using magnetic flux maps can be
time-consuming, making them unsuitable for low-latency control
applications. To address this limitation, we propose a compressed-
sensing-based approach that reconstructs magnetic flux maps
from a limited set of randomly sampled data points. Experiments
are conducted on a permanent-magnet machine to validate the
proposed method. Extensive simulation and experimental results
demonstrate that, by exploiting the sparsity of flux maps, the
proposed approach can accurately reconstruct the maps using
only 25% of the full experimental samples, thereby significantly
reducing the acquisition time.

Index Terms—Compressed sensing, flux maps, spatial harmon-
ics, motor control

I. INTRODUCTION

With the advent of data-driven control and an increasing
demand for precise motor operation, increasingly sophisti-
cated control strategies such as maximum torque per ampere
(MTPA), maximum torque per volt (MTPV), signal-injection
sensorless control, and model predictive control (MPC) have
been proposed [1]–[3]. Such advanced control strategies re-
quire an accurate magnetic model to achieve the desired
control performance.

For a 2D flux map, the magnetic model characterizes the
magnetic flux as a function of stator current in a selected
reference frame; for a 3D flux map, it additionally depends
on rotor angular position to capture spatial harmonics [4], [5].
For instance, in the d-q reference frame, the magnetic model
for IPMs and SynRMs is highly nonlinear owing to saturation
and cross-saturation effects [6]–[9].

This work was done when Abhishek was an intern at MERL.

To characterize magnetic-model nonlinearity, significant re-
search effort has been devoted to developing analytical mag-
netic models [10]–[13]. For example, Qu et al. [12] proposed
a polynomial model to capture nonlinear effects, treating the
d-q axis currents as state variables and the flux linkages as
independent variables.

Although the magnetic model can be simulated using Finite
Element Analysis (FEA) [14], the FEA-based model needs to
be validated through experiments to guarantee its accuracy.
Therefore, it is crucial to conduct experiments to acquire the
magnetic flux at different current operating points.

However, experimental flux-map identification faces two
major challenges. First, it is very time-consuming to collect
enough data for an accurate flux model across the operating
range of the motor under test [15]. Second, for permanent-
magnet machines, long-duration experiments may cause de-
magnetization due to overheating. It is thus desirable to reduce
the number of tests conducted without compromising the
accuracy of the acquired flux map.

In this paper, we investigate a compressed-sensing-based
approach to flux map acquisition [16]. The proposed approach
is validated on both publicly available simulation data and
privately collected experimental data using a well-designed
experimental platform.

II. FLUX MAP ACQUISITION VIA COMPRESSED SENSING

During flux-map acquisition, the flux map is treated as a
compressible signal, meaning that it can be accurately repre-
sented by a small number of active modes in an appropriate
basis, such as a Fourier basis, a wavelet basis, or another
learned dictionary.



A. Compressed Sensing

Without loss of generality, let x ∈ Rn be a compressible
signal, meaning that there exists a basis Ψ such that

x = Ψs, (1)

where s ∈ Rn can be approximated using a sparse vector.
If s has at most K nonzero elements, x is K-sparse. The
measurements y ∈ Rp with (K < p≪ n) are given by

y = Cx, (2)

where C ∈ Rp×n is the measurement matrix. Compressed
sensing seeks to find a sparse vector ŝ such that

ŝ = argmin
s
||s||0 subject to y = CΨs, (3)

where || · ||0 is the ℓ0 norm, i.e., the cardinality of s. The
non-convex optimization in (3) may be relaxed to a ℓ1-
minimization problem as

ŝ = argmin
s
||s||1 subject to y = CΨs, (4)

where || · ||1 is the ℓ1 norm given by ||s||1 =
∑n

k=1 |sk|
provided that

1) C is incoherent with respect to Ψ,
2) the number of measurements p is sufficiently large, i.e.,

p ≈ O
(
K log

(
n
K

))
[17].

In this paper, to satisfy the incoherence property, we use
random samples of the flux map. We also study the variation
of reconstruction error with the number of measurements.

An alternative formulation is given by

ŝ = argmin
s

1

2
||y −CΨs||22 + λ||s||1, (5)

where λ ≥ 0 is a regularization parameter weighting the
importance of a sparse solution. In this paper, the formulation
presented in (5) is used.

B. Flux Map Reconstruction

This subsection applies the formulation in (1)-(5) to 3D
flux-map reconstruction. Let ϕ be the true unknown discrete
flux map with dimensions N1 × N2 × N3. Let Φ be the
corresponding Fourier transform.

Let y be the p-vector of the measured samples. Let Ω ⊂
{1, . . . , n} denote the set of measured entries of the vectorized
flux map ϕu, where |Ω| = p and p≪ n. The sampling opera-
tion can be represented by a row-selection matrix CΩ ∈ Rp×n,
whose rth row is the standard basis vector eTΩr

. Thus, y is
given by

y = CΩϕu. (6)

The corresponding zero-padded flux-map vector is

(ϕzp)u = C+
Ωy. (7)

Since CΩ consists of selected rows of the identity matrix
and CΩC

T
Ω = Ip, its pseudo-inverse is C+

Ω = CT
Ω. The

vector C+
Ωy places measured samples at indices Ω and zeros

elsewhere.

Since ϕu = Ψs, the compressed-sensing reconstruction
problem is formulated as

ŝ = argmin
s

1

2
∥y −CΩΨs∥22 + λ∥s∥1. (8)

Once the sparse Fourier coefficients are obtained by solving
(8), the flux map is reconstructed as

ϕ̂u = Ψŝ. (9)

To construct the Fourier basis matrix Ψ, we first define the
N ×N DFT matrix W for an N -sample 1D signal as

WN [c, d] = W cd
N ,

where WN = e−
j2π
N . The corresponding inverse DFT matrix

is given by

W−1
N [g, h] =

1

N
W̄ gh

N ,

where W̄N = e
j2π
N . The relationship between Φu and ϕu is

given by
Φu = (WN3

⊗WN2
⊗WN1

)ϕu, (10)

where ⊗ is the Kronecker product between two matrices. The
Fourier basis matrix Ψ is obtained as the inverse of the forward
transformation in (10). Thus, for the 3D case, we have

Ψ = W−1
N3
⊗W−1

N2
⊗W−1

N1
(11)

The Ψ matrix for the 2D case can be computed analogously.
It can be readily seen that Ψ−1 = (WN3 ⊗WN2 ⊗WN1).
While (11) defines the Fourier basis matrix for mathematical
completeness, in practice, Algorithm 1 uses the FFT and
inverse FFT for efficient implementation.

C. Algorithm

This subsection describes the method used to reconstruct
the flux map from limited random samples. To solve the
optimization problem given in (8), a soft-thresholding-based
iterative algorithm is used. The measured sample vector y is
first embedded into the n-dimensional flux-map vector space
as (ϕ̂1)u = C+

Ωy, which serves as the zero-padded initial
estimate ϕ̂1. At each iteration, the present flux-map estimate
is transformed into the Fourier domain using the FFT. Soft
thresholding is then applied to the Fourier coefficients to
promote sparsity. After applying the inverse FFT to the thresh-
olded Fourier coefficients, an intermediate flux-map vector
(ϕ̃i+1)u is obtained. Data consistency is then enforced by pro-
jecting this intermediate estimate onto the affine set of vectors
matching the measurements {z : CΩz = y}. This projection
is implemented as (ϕ̂i+1)u ← (I − C+

ΩCΩ)(ϕ̃i+1)u + C+
Ωy.

Here (I−C+
ΩCΩ) preserves unmeasured entries, while C+

Ωy
restores the measured entries. For a row-selection matrix, this
update simply restores the measured entries and leaves the
unmeasured entries from the inverse FFT step. The iterative
algorithm runs until convergence, that is, until the relative
change between the two most recent reconstructions is below
ϵ. The final iterate is returned as the reconstructed flux map.



The soft-thresholding function is defined as

S(u, λ) =

{
0 if |u| ≤ λ
|u|−λ
|u| u if |u| > λ.

(12)

Here | · | denotes the absolute value and the threshold λ is
the regularizing parameter used in (8). The threshold λ is
empirically tuned. Initially, the threshold may be set to 5%
of the maximum DFT coefficient of ϕzp.

Algorithm 1 Flux map reconstruction using CS
Input: y,CΩ, λ, ϵ
Procedure:

1: Initialize i← 1, (ϕ̂0)u ← 0
2: (ϕ̂1)u ← C+

Ωy

3: while ||ϕ̂i−ϕ̂i−1||2
||ϕ̂i||2

≥ ϵ do
4: (Φ̂i)u ← Ψ−1(ϕ̂i)u, ▷ To Fourier domain
5: (Φi+1)u ← S((Φ̂i)u, λ) ▷ Promote sparsity
6: (ϕ̃i+1)u ← Ψ(Φi+1)u ▷ Inverse FFT
7: (ϕ̂i+1)u ← (I−C+

ΩCΩ)(ϕ̃i+1)u +C+
Ωy ▷ Data

consistency
8: i← i+ 1
9: end while

Output: ϕ̂← ϕ̂i

III. SIMULATION

To demonstrate the effectiveness of the proposed approach,
we first evaluate it on simulated 3D flux maps.

The THOR dataset is used for the simulation study [18]. At
every (Id, Iq) grid point, we use only nine random samples
over [0, 2π]. Algorithm 1 is then applied to reconstruct the
3D flux map. Fig. 1(a) illustrates the true flux variation, the
random samples used, and the reconstructed q-axis flux-map
variation with respect to θ at a fixed (Id, Iq) grid point.
Fig. 1(b) shows the corresponding quantities for the d-axis.
To highlight the reconstruction using limited sampling, we
also include results of linear interpolation and cubic spline
interpolation of 9 equally spaced samples. Figs. 1(a) and 1(b)
show that the CS-reconstructed flux maps match the spatial
harmonic variation very well, while the interpolation-based
methods fail to capture the pattern of spatial harmonics.

To further compare their performance quantitatively, the
root-mean-squared errors (RMSEs) between the true flux maps
and reconstructions are computed. The RMSEs between the
true flux maps and the CS reconstructions are 0.0011 and
0.0009 for the q- and d-axes, respectively. The RMSEs be-
tween the true flux maps and the linear-interpolation flux maps
are 0.0053 and 0.0043 for the q- and d-axes, respectively.
Thus, the CS reconstruction reduces the error by a factor
of approximately 5 in both the q- and d-axes. From Fig. 1
and the low RMSEs of CS-reconstructed flux maps, it can
be concluded that the spatial harmonic behavior at different
values of (Id, Iq) can be modeled using a small number of 3D
Fourier coefficients. The compressed-sensing-based approach
reconstructs the 3D flux map using only a few random

(a)

(b)

Fig. 1: q- and d-axis flux variation with θ at a particular
(Id, Iq) grid point. (a) Variation of ϕq with θ at Id = 39.7
A, Iq = 17.6 A. (b) Variation of ϕd with θ at Id = 39.7 A,
Iq = 17.6 A.

Fig. 2: Hardware setup schematic.

samples along θ at each grid point (Id, Iq). These results
demonstrate that the proposed CS-based approach captures
spatial harmonics more accurately than interpolation-based
reconstruction under limited sampling. Additional simulation
studies, including a sensitivity analysis of the number of
randomly sampled measurement points, are available in [16].

IV. EXPERIMENTAL RESULTS

A. Hardware Setup

Fig. 2 shows a schematic of the experimental setup used to
acquire the flux maps, and Fig. 3 shows photographs of the
experimental hardware. An interior permanent-magnet (IPM)
synchronous motor made by Marathon Motors is used as
the motor under test (MUT). A servomotor manufactured
by Mitsubishi Electric is utilized as the load motor. Table I



(a) (b)

(c)

Fig. 3: Experimental devices. (a) dSPACE SCALEXIO lab box
embedded controller. (b) Myway MWINV-2022B Inverter. (c)
MUT and servomotor configuration.

TABLE I
MOTOR PARAMETERS

Parameter Motor Under Test Load Motor
Type IPM Servomotor
Model Name 184TPFRB10214A HF-SP202K
Rated Power (kW) 3.7 2
Rated Speed (rpm) 1800 2000
Rated Torque (Nm) 19.8 9.55
Rated Current (A) 5.8 10

provides the relevant specifications for these two motors. A
dSPACE SCALEXIO lab box, shown in Fig. 3(a), is used
as the embedded controller for vector control of the IPM
and speed control of the servomotor. The closed-loop rate for
vector control of the IPM is 10 kHz. A Myway inverter model
MWINV-2022B, shown in Fig. 3(b), is utilized as the drive
inverter for the MUT. The rated output power of the inverter
is 20.2 kW, with a rated voltage of 200 V and a rated current
of 58.4 A. LEM IT 60-S ULTRASTAB current transducers
are used to measure the phase currents. Fig. 3(c) illustrates
the MUT and load motor configuration.

The load motor is commanded to regulate the shaft speed.
The selected speed provides a good tradeoff: it is sufficiently
high to obtain a good signal-to-noise ratio of Vd and Vq and
low enough to have negligible iron and PM loss [15]. Note that
the power of the load motor is lower than that of the motor
under test, as shown in Table I. To explore the flux map at
full rated motor current, the test is conducted at one third of
the MUT rated speed.

B. Measurement Procedure

In an ideal configuration, the rotor angular position would be
measured using a dedicated position sensor such as a resolver

or encoder. However, because such sensors were unavailable
in our experimental setup, a model-based flux observer was
implemented to estimate the rotor angle. Consequently, modi-
fications were introduced to the control procedure to align with
the constraints imposed by the laboratory hardware configu-
ration. In this subsection, we briefly review the measurement
procedure, following the procedure in [15] to acquire the d-q
2D flux-map data points. The well-known d-q equations in the
rotor reference frame are given as [19]{

ϕ̇q = −RsIq − ωeϕd + Vq,

ϕ̇d = −RsId + ωeϕq + Vd,
(13)

where ϕq and ϕd denote the q- and d-axis flux linkages, Rs is
the stator resistance, Iq and Id are the q- and d-axis currents,
Vq and Vd are the q- and d-axis applied voltages and ωe is
the electrical angular frequency. Under steady-state conditions,
(13) simplifies to{

ϕd =
−RsIq+Vq

ωe
,

ϕq = −
(

−RsId+Vd

ωe

)
.

(14)

The flux maps are generated by dividing the d- and q-axis
current ranges into a regularly spaced grid and acquiring the
flux linkage at each grid point. This current grid can be defined
as {

Id,k = Idmin + k ·∆Id k = 0, · · · , n,
Iq,l = Iqmin

+ l ·∆Iq l = 0, · · · , n.
(15)

Here, ∆Id and ∆Iq specify the step sizes of the grid that are
defined by {

∆Id =
Idmax−Idmin

n ,

∆Iq =
Iqmax−Iqmin

n ,
(16)

where Idmin
, Iqmin

specify the minimum d- and q-axis cur-
rents, respectively; Idmax , Iqmax specify the maximum d- and
q-axis currents, respectively; and n determines the size of the
flux map grid. A large n produces a finer grid that captures
smaller variations in the flux map at the cost of time spent
constructing the flux map.

To maintain the steady-state condition required to simplify
(13),

1) The motor under test is driven at constant speed using
a speed-controlled servomotor.

2) The motor under test is current controlled at a particular
current grid point.

Considering the rated current of the IPM and with a view to
capture nonlinear flux variation, we take Idmin

= 0, Iqmin
= 0,

Idmax = 10, Iqmax = 10 and n = 40. Thus the current grid
has 41× 41 entries with grid spacing calculated using (16) to
be ∆Iq = ∆Id = 0.25 A.

At each grid point, a current pulse reference is specified for
a short time duration Ta. Ta is taken to be approximately 5
times as long as the time needed to complete one mechanical
rotation at the specified servomotor speed. This allows for
the current transient response to settle and reach steady state.
The flux linkages are calculated using voltage and current



measurements averaged across one mechanical period. This
eliminates harmonic effects and any influence of mechanical
defects. Following the pulse reference, the motor is allowed to
idle for some time Ti to ensure that motor temperature remains
stable. We take Ti = 2Ta. In our experiments, the load motor
is commanded to regulate shaft speed at 600 rpm, one third
of the IPM’s rated speed such that the flux map at full rated
motor current can be explored. Since one mechanical rotation
at this speed takes 0.1 s, Ta is set to be 0.5 s and thus Ti is
set to be 1 s.

To calculate the flux linkages using (14), the three-phase
currents Ia, Ib, and Ic are measured and converted into d- and
q-axis currents. The angle required to perform the transform
is inferred using a linear flux observer. The stator resistance
value Rs is taken to be the nominal value available on the
motor specification plate. Voltages Vq and Vd are calculated
by the current controller. ωe is inferred from the angular speed
of the speed-controlled servomotor as ωe = pωr, where p is
the number of pole pairs for the IPM and ωr is the commanded
servomotor speed. Although the experimental results included
in this work are limited to the first quadrant, the measurement
and reconstruction procedure can be readily extended to other
d-q quadrants.

C. Results and Discussion

To acquire the flux map using the CS-based algorithm
proposed in this paper, flux linkages at a randomly sampled
fraction of the current grid defined in (15) are acquired using
the procedure described above. The resulting partial flux maps
are denoted by ϕp (with q- and d-axis components ϕqp and
ϕdp, respectively).

Figs. 4(a) and 4(b) show examples of commanded current
pulses (red line) and the measured currents (blue line) at the
current grid point given by Id = 3 A, Iq = 4 A. Figs. 4(c)
and 4(d) show the corresponding d- and q-axis voltages com-
manded by the controller. As mentioned in subsection IV-B, to
compute the flux map entry at that grid, the voltage and current
measurements are averaged over 0.1 s, corresponding to one
full mechanical rotation period. Since the active pulse time
Ta = 0.5 s, the 0.1 s window starts 0.3 s after the beginning
of the pulse to allow for steady state. Eq. (14) is then used to
compute the d- and q-axis flux at the current grid point under
consideration.

Figs. 5(a) and 5(b) show the flux-linkage data acquired from
25% randomly selected samples of the 41 × 41 (Id, Iq) grid.
Figs. 5(c) and 5(d) show the corresponding q- and d-axis flux
maps constructed using the CS algorithm.

For comparison, the full flux map was acquired at each grid
point by using (14). Figs. 6(a) and 6(b) show q- and d-axis
flux maps acquired from full-grid experiments, respectively. It
can be seen that while the q-axis flux map is nearly linear,
the d-axis flux map exhibits significant saturation and cross-
saturation behavior. These flux maps serve as the benchmark to
compare the flux map acquired using the CS-based algorithm
proposed in this paper.

(a) (b)

(c) (d)

Fig. 4: d- and q-axis current measurements and applied volt-
ages at the grid point defined by Id = 3 A, Iq = 4 A.
(a) Example d-axis current pulse. (b) Example q-axis current
pulse. (c) Vd voltage applied by the controller. (d) Vq voltage
applied by the controller.

To visualize the cross-saturation effects, we plot 2D contour
maps on the Id-Iq plane. Fig. 7 shows the true flux-map con-
tours and Fig. 8 shows the reconstructed flux-map contours.

Comparing Fig. 6(a) with Fig. 5(c) and Fig. 6(b) with Fig.
5(d), the absolute errors between the full-grid flux maps and
CS-based flux maps for the q- and d-axes are shown in Figs.
9(a) and 9(b), respectively. For comparison, the same flux-axis
scale is used for Figs. 5(c) and 9(a) and for Figs. 5(d) and 9(b),
respectively. The reconstruction errors remain small across the
entire flux map. Further quantitative analysis shows that the
RMSE for the d-axis flux map using CS is 0.004 and that for
the q-axis flux map is 0.001. Thus, it can be concluded that
the 2D flux maps for the Marathon Motors IPM machine can
be reconstructed accurately with only 25% randomly selected
samples. Consequently, the acquisition time is reduced to
approximately one quarter of that required for the full-grid flux
maps. Moreover, the proposed algorithm provides a Fourier-
domain representation of the flux maps. This representation
also enables efficient computation of derivatives of ϕd and ϕq

with respect to Id and Iq . These derivatives are crucial for
calculating maximum-torque-per-ampere (MTPA) control.

V. CONCLUSION

In this paper, a compressed-sensing (CS)-based approach
to magnetic flux map acquisition is proposed for reconstruct-
ing 2D and 3D flux maps. Using limited random samples,
simulation studies show that flux maps can be reconstructed
by leveraging their sparsity in a Fourier basis. Experimental
results demonstrate that the proposed method achieves low



(a)

(b)

(c)

(d)

Fig. 5: q- and d-axis flux-map acquisition using the proposed
method on Marathon Motors IPM. (a) Randomly sampled ϕq

data points. (b) Randomly sampled ϕd data points. (c) ϕq

reconstructed using compressed sensing. (d) ϕd reconstructed
using compressed sensing.

(a)

(b)

Fig. 6: Full q- and d-axis flux maps using extensive experi-
mental data. (a) True ϕq . (b) True ϕd.

(a) (b)

Fig. 7: Full q- and d-axis flux-map contour plots. (a) True ϕq .
(b) True ϕd.

(a) (b)

Fig. 8: Reconstructed q- and d-axis flux-map contour plots.
(a) reconstructed ϕq . (b) reconstructed ϕd.



(a)

(b)

Fig. 9: Error maps of CS-based reconstructions: (a) q-axis
reconstruction error. (b) d-axis reconstruction error.

RMSEs using only 25% of the full experimental samples,
thereby substantially reducing acquisition time.
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